1. Background {#sec1-1}
=============

Motile cilia are organelles that protrude from cells and generate directional, low Reynolds number fluid flow \[[@r1]\] at speeds of \~1-1000 μm/s \[[@r2]--[@r5]\]. During embryo development, cilia-driven fluid flow is essential to normal left-right axis development \[[@r2]\]. In addition, there is evidence that cilia-driven fluid flow is important for the development of the inner ear \[[@r6]\] and central nervous system \[[@r7]\]. Several different epithelial cell types have motile cilia, including respiratory, ependymal, and fallopian tube (oviduct) epithelium \[[@r8]\]. Respiratory cilia drive the directional flow of mucus, and defects in these cilia can lead to recurrent sinopulmonary infections \[[@r8]\]. Ependymal cilia drive cerebrospinal fluid flow, a flow that carries new neurons in the adult brain \[[@r9]\]. Fallopian tube cilia that line the luminal epithelium are important in tubal transport of ova \[[@r10]\]. Therefore, understanding ciliary physiology and cilia-driven fluid flow has broad relevance in medicine.

Like electro-osmotic driven flow in microfabricated microfluidic systems \[[@r11],[@r12]\], cilia-driven fluid flow is a surface-driven flow generated by the application of a body force at a distance above a surface \[[@r13]\]. Cilia-driven flow physiology has been investigated using a variety of imaging techniques. However, the quantitative nature of cilia-driven flow is incompletely characterized. One of the main challenges in imaging cilia-driven fluid flow is that the ciliated surface that drives the flow is often orthogonal to the optical axis ([Fig. 1](#g001){ref-type="fig"} Fig. 1Left: Idealized cilia-driven flow seeded with tracer particles (black dots). Velocity vectors **v**(*x*,*y*,*z*) are open-tipped arrows. The ability of OCT to perform depth-resolved imaging along its depth of focus (DOF) enables visualization of flow generated by a ciliated surface that is largely orthogonal to the optical axis. Right: Scanning electron micrograph of a ciliated *Xenopus tropicalis* epithelial cell. Each multicilated cell is surrounded by several non-ciliated cells. The scale bar is 5 μm.). As a consequence, depth-resolved imaging is required to characterize two- and three-dimensional features of the flow field. Current methods, including dye imaging \[[@r9],[@r14]\], light microscopy-based particle pathline imaging and particle tracking imaging \[[@r2],[@r3],[@r15],[@r16]\], and real-time digitally subtracted radiography \[[@r9]\], are not depth-resolved. Scanning a high numerical aperture (NA\>1) focus through the nodal pit was used to observe recirculating nodal flow \[[@r2]\]. However, this method has poor depth sectioning compared to confocal microscopy \[[@r17]\] and optical coherence tomography/microscopy \[[@r18]\].

Optical coherence tomography (OCT) is an attractive imaging modality for the *in vivo* quantitative vectorial imaging of cilia-driven flow. OCT is a non-destructive imaging modality that is capable of cross-sectional imaging at micron-scale resolutions \[[@r19],[@r20]\]. OCT has demonstrated utility in the *in vivo* imaging of microscale motions and flow \[[@r21]--[@r23]\]. In addition, OCT has been used to characterize flow in microfabricated microfluidic systems \[[@r24],[@r25]\], including flow driven by biomimetic artificial cilia \[[@r26]\]. Although Doppler OCT has, in principle, the phase sensitivity to detect flows in the 1-1000 μm/s range \[[@r21]\], Doppler OCT requires multi-angle illumination optics to extract two-component (i.e. **v** = *v~x~***i** + *v~z~***k**) and three-component (i.e. **v** = *v~x~***i** + *v~y~***j** + *v~z~***k**) velocity vector information \[[@r27],[@r28]\]. An alternate approach employed in cardiovascular imaging is to estimate the Doppler angle through structural OCT imaging the vessel lumen \[[@r29]--[@r32]\]. While this approach is well-suited to parabolic microvascular and embryonic blood flow since the flow is confined to well-defined geometries, the approach is not well-suited to cilia-driven flow, which occurs in open geometries with less well-characterized flow profiles. An alternate approach to Doppler flow imaging is to track individual seed particles over time (i.e. particle tracking velocimetry (PTV) \[[@r33]--[@r35]\]). PTV is particularly useful when the flow can be sparsely seeded with tracer microparticles. PTV also is useful when simplifying geometric assumptions regarding flow patterns may not be appropriate. OCT is well-suited to PTV in that a B-scan is geometrically similar to sheet illumination typically employed by light microscopy-based PTV setups. In traditional PTV, sheet illumination ensures that seed particles from a specific plane are imaged \[[@r36]\]. In OCT, linear scanning the low numerical aperture sample beam also ensures that seed particles from a specific plane are imaged.

Here, we demonstrate that OCT is well-suited for the qualitative and quantitative characterization of cilia-driven fluid flow. Using micron-scale polystyrene microspheres as flow tracers, we obtain two-dimensional, two-component (i.e. **v** = *v~x~***i** + *v~z~***k**) flow velocity fields of fluid flow driven by the ciliated epidermis of *Xenopus tropicalis* embryos. The *Xenopus* genus (e.g. *X. laevis*, *X. tropicalis*) is an important animal model in *in vivo* ciliary biology. *Xenopus* embryos have a ciliated epidermis that generates directional fluid flow \[[@r3],[@r14],[@r37]\]. Several studies using *Xenopus* embryos have investigated the relationship among cilia-driven fluid forces, epidermal planar cell polarity, and cilia development \[[@r3],[@r14]\]. We demonstrate OCT particle streak imaging as a method for visualizing complex flow patterns. Lastly, we show that recirculation/vortical flow patterns arise as a function of boundary conditions (i.e. location of water surface with respect to ciliated surface). Overall, OCT imaging and related qualitative and quantitative image processing techniques will propel new areas of research in ciliary biology, ranging from the microfluidics of cilia-driven fluid flow to the biomechanical phenotyping of mutant cilia.

2. Methods {#sec1-2}
==========

2.1. Xenopus tropicalis *culture and preparation* {#sec2-1}
-------------------------------------------------

*X. tropicalis* embryos were generated according to established protocols \[[@r38]\]. All animal work was done in accordance with Yale IACUC approval.

2.2. OCT imaging, OCT pathline imaging, and color-encoding of time image processing {#sec2-2}
-----------------------------------------------------------------------------------

OCT imaging was performed using a commercially available OCT system (Thorlabs, Inc., Newton, NJ, USA) with an A-scan rate of 16 kHz and a center wavelength of 1325 nm, a transverse resolution of 25 μm, and an axial resolution of 9 μm in water. For OCT imaging, the embryos were placed in a custom-made well of a rubber O-ring glued to a frosted cover glass ([Fig. 2](#g002){ref-type="fig"} Fig. 2Photomicrograph of stage 36 *X. tropicalis* embryo in a well for OCT imaging.). Cilia-driven fluid flow was seeded with 5 μm diameter polystyrene microspheres (Bangs Laboratories, Fishers, IN, USA). For a discretely indexed image stack *I~ij~*(*mΔt*), two-dimensional particle pathlines can be estimated by taking the maximum projection image across time. For log-transformed images, the minimum projection image across time provides an estimate of the stationary background image *B~ij~*. Background-free pathline images were generated by taking the maximum projection across time of *I~ij~*(*mΔt*)-*B~ij~*.

Pathline imaging can be enhanced to color-encode time \[[@r4],[@r6]\]. Time is encoded by assigning each image a color according to its timestamp and projecting all images over time. Adding time to the visualization reveals information about the direction of flow. Further, changes in colors also give a qualitative sense of flow rates. Our color-encoding algorithm used six colors: red, green, blue, yellow, cyan, and magenta. For *M* images (*M* mod 6 = 0), the MATLAB pseudocode that generates the red, green, and blue color channels (I~r~, I~g~, I~b~) of the color-encoded pathline image is the following:

  ----------------------------------------------------------------------- ----------------------------------------- ----------------------------------- ---------------------------------------------
      I~r~ = zeros(); I~g~ = zeros(); I~b~ = zeros();                                                                                                   
                                                                              %initialize three empty channels                                          
      for k = 1 to M/6,                                                       %walk through all images                                                  
                                                                              I~r~ = I~r~                               %accumulate red intensities     
                                                                                                                         + I(0M/6 + k)                      %add red for red/first time stamp
                                                                                                                         + I(3M/6 + k)                      %add red for yellow/fourth time stamp
                                                                                                                         + I(5M/6 + k);                     %add red for magenta/sixth time stamp
                                                                              I~g~ = I~g~                               %accumulate green intensities   
                                                                                                                         + I(1M/6 + k)                      %add green for green/second time stamp
                                                                                                                         + I(3M/6 + k)                      %add green for yellow/fourth time stamp
                                                                                                                         + I(4M/6 + k);                     %add green for cyan/fifth time stamp
                                                                              I~b~ = I~b~                               %accumulate blue intensities    
                                                                                                                         + I(2M/6 + k)                      %add blue for blue/third time stamp
                                                                                                                         + I(4M/6 + k)                      %add blue for cyan/fifth time stamp
                                                                                                                         + I(5M/6 + k);                     %add blue for magenta/sixth time stamp
      end                                                                                                                                               
      I~r~ = I~r~./I~mean~; I~g~ = I~g~./I~mean~; I~b~ = I~b~./I~mean~;                                                                                 
                                                                              %scale channels with mean intensity                                       
  ----------------------------------------------------------------------- ----------------------------------------- ----------------------------------- ---------------------------------------------

Particle tracking velocimetry analysis was performed using custom Python code. Our process for OCT-based particle tracking velocimetry is outlined in [Fig. 3](#g003){ref-type="fig"} Fig. 3Top: Particle and embryo coordinate system. Bottom: Overview of image processing for OCT-based particle tracking velocimetry. tan^−1^ is the four-quadrant arctangent function.. The four major steps are image segmentation, particle identification, particle localization, and particle pairing. The first three steps are performed on individual images, while the last step (particle pairing) is performed on each pair of consecutive images. The goal of image segmentation is to distinguish flow tracer particles from the rest of the image. We employed an intensity-based threshold algorithm that uses a threshold intensity *P~t~* to classify a pixel as particle or non-particle. Thus, for a discretely indexed image *I~ij~*, a binary segmentation mask *P~ij~* is defined as *P~ij~* = 1 if *I~ij~*\>*P~t~* and *P~ij~* = 0 otherwise (see, for example, Ref. \[[@r39]\].). The binary segmentation mask *P~ij~* can exclude stationary object by applying the threshold criteria to a background-free image (*I~ij~*-*B~ij~*) where *B~ij~* = min(*I~ij~*,*T*). Here, min() returns the minimum value of each pixel in *I~ij~* over a given time interval *T*.

After image segmentation, the next processing step is particle identification. Identification of individual particles is facilitated by the low particle density demanded by particle tracking velocimetry \[[@r33]--[@r35]\]. Particle identification was accomplished by traversing *P~ij~* pixel-by-pixel and labeling each cluster of "connected" pixels as a particle. A pixel in *P~ij~* is connected to another pixel in *P~ij~* if it (a) has a value of 1 and (b) if it has at least one neighbor with a value of 1 \[[@r40]\]. The last step in particle identification is to apply size-based inclusion criteria to each particle (i.e. each collection of connected pixels).

After image segmentation and particle identification, the next step is particle localization, that is, calculating the coordinate location of the *n^th^* particle (*n*∈\[1..*N*\]) at time *mΔt* (*m*∈\[0..(*M*-1)\], *M* is the number of image acquisitions in a particular sub-volume, *Δt* is the time to acquire a single sub-volume). We assume a linear model of image formation:
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Here, *I*(*x*,*z,mΔt*) is the image volume formed by *n* particles located at (*x~n~*(*mΔt*), *z~n~*(*mΔt*)), PSF(*x*,*z*) is the two-dimensional OCT point spread function, *δ*(*x*,*z*) is Dirac's delta function, and ⊗ is the convolution operator. In mathematical terms, the goal of localization is to estimate (*x~n~*(*mΔt*), *z~n~*(*mΔt*)). We will use the center-of-mass location of the particle (*x~c,n~*(*mΔt*), *z~c,n~*(*mΔt*)) as an estimate of the particle location. The center-of-mass coordinates of the *n^th^* particle can be calculated using \[[@r39]\]
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Here, *ROI~n~* is a volumetric region of interest defined by the boundaries of the *n^th^* particle.

The final processing step is particle pairing. That is, each particle in the *m^th^* frame needs to be paired with a particle in the (*m* + 1)*^th^* frame. A particle in the *m^th^* frame that is not present in the next frame has left the field of view, while a particle in the (*m* + 1)*^th^* frame that is not in the prior frame has entered the field of view. We employed bipartite maximum matching \[[@r41]\] to pair particles in the *m^th^* frame with those in the (*m* + 1)*^th^* frame. For maximum matching analysis, we used code libraries from the NetworkX project (Los Alamos National Laboratory \[[@r42]\], ) Consider each particle as a vertex in a graph consisting of edges that originate in the *m^th^* frame and end in the (*m* + 1)*^th^* frame. Such a graph is bipartite in that edges exist between the two frames but not within each frame. To consider optimal pairing, an edge is drawn from each vertex in the *m^th^* frame to every vertex in the (*m* + 1)*^th^* frame. Each edge is given a weight equal to the inverse of the Euclidian distance between the edge\'s vertices. Weights below a threshold value (i.e. above a threshold Euclidian distance) are excluded as being improbably fast. Using this bipartite graph and associated weights, particle pairings are established by maximizing the sum of edge weights in 1:1 particle pairings.

Image segmentation, particle identification, particle localization, and particle pairing provides the information needed for OCT-based particle tracking velocimetry. OCT-based particle tracking velocimetry calculates the displacement of the *n^th^* particle along each Cartesian axis from time *mΔt* to time (*m* + 1)*Δt*. Thus, the velocity **v***~x,n~* along the x-axis is given by \[[@r33]--[@r35]\]:
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Each velocity measurement is located at the calculated center-of-mass of the *n^th^* particle during the *m^th^* volume acquisition. *Δz~n~* and **v***~z,n~* are defined in a likewise manner. The velocity of the *n^th^* particle also can be expressed in polar coordinates (\|*v~n~*(*mΔt*)\|,*θ~n~*(*mΔt*)) ([Fig. 3](#g003){ref-type="fig"}):

\|

v

n

(

m

Δ

t

)

\|

=

Δ

x

n

2

\+

Δ

y

n

2

\+

Δ

z

n

2

Δ

t

;

θ

n

(

m

Δ

t

)

=

tan

−

1

(

Δ

z

n

Δ

x

n

)

.

Here, tan^−1^() is the four-quadrant artangent function.

2.3. Suitability of tracer particle for flow estimation {#sec2-3}
-------------------------------------------------------

The 5 μm diameter polystyrene microspheres are expected to be good flow tracers because they have small expected values for slip velocity and for Brownian motion between consecutive images. Slip velocity (**v~slip~**) is the difference between particle velocity and the surrounding fluid flow velocity. A small slip velocity is therefore desirable. **v~slip~** is given by \[[@r43]\]:
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where *r* is the particle radius, *ρ~p~* is particle mass density (1.06 g/cm^3^), *ρ~w~* is water mass density (1 g/cm^3^), *η* is the dynamic viscosity of water (10^−3^ kg/(m s), and **a~p~** is the particle acceleration. Acceleration secondary to gravity generates a very small slip velocity (\~0.8 μm/s). Acceleration secondary to time-variation in fluid flow is expected to be even yet smaller. A flow acceleration of \~10 m/s^2^, the equivalent of accelerating fluid from 0 to 10 mm/s in 1 ms, would be required to generate slip of \~1 μm/s. Cilia-driven fluid flow varies much more slowly than this. In terms of Brownian motion between images, root mean square displacement *s~rms~* in two dimensions is given by \[[@r1]\]:
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where *D* is the particle diffusivity (*D*\~*r*^−1^) and Δ*t* is the time interval of interest. Using diffusivity as defined in \[[@r44]\] and using Δ*t* = 24 ms (the inter-frame interval for the particle tracking experiments), *s~rms~*\~0.1 μm.

3. Results and discussion {#sec1-3}
=========================

[Figure 4](#g004){ref-type="fig"} Fig. 4OCT imaging of *X. tropicalis* epithelial cilia-driven flow. (a) B-scan of embryo in microparticle-seeded physiologic solution. Original image stack filtered with a 2x2x2 (*x*,*z*,*t*) pixel filter. (b) Background-subtracted B-mode image. The inset in (b) is the minimum projection image across all B-scans over the 5.7 s acquisition. (c) OCT pathline imaging generated by taking the maximum projection over all background-subtracted images over the 5.7 s acquisition. (d) Color-encoding of time pathline imaging. *b*, body; *e*, eye; *h*, head; *m*, microsphere; *t*, tail; *w*, water-air interface. *A*, anterior; *P*, posterior. Scale image to have square pixels. Media 1 shows the OCT movie, background-subtracted movie, and related cumulative maximum projection (i.e. cumulative particle pathline) movies. and Media 1 show cross-sectional OCT imaging of cilia-driven fluid flow. As shown in [Fig. 1](#g001){ref-type="fig"}, the imaging plane is roughly orthogonal to the ciliated epithelial surface. Polystyrene microspheres that sparsely seed the flow are readily visualized ([Fig. 4b](#g004){ref-type="fig"}). The stationary background is effectively subtracted away using a minimum projection image taken over the entire image stack ([Fig. 4b-d](#g004){ref-type="fig"}). Particle pathline images are generate by calculation of maximum projection images ([Fig. 4c](#g004){ref-type="fig"}). Particle pathline images give a qualitative picture of the cross-sectional flow patterns. Color-encoding of time pathline images ([Fig. 4d](#g004){ref-type="fig"}) adds a semi-quantitative aspect to pathline imaging. While color-encoding does not directly give quantitative vector magnitude and directions, it allows for a qualitative sense of flow directionality and speed. As with electro-osmotic \[[@r12]\], cilia-driven fluid flow can generate complex flow patterns depending on variation of boundary conditions. Indeed, in addition to linear flow profiles seen in [Figs. 4](#g004){ref-type="fig"} and [7](#g007){ref-type="fig"} Fig. 7OCT-based particle tracking velocimetry of non-recirculatory cilia-driven fluid flow. Note that the same embryo was imaged in [Figs. 6](#g006){ref-type="fig"} and [7](#g007){ref-type="fig"} and only the image well water volume differs between the two image acquisition sessions. (a) shows the particle pathline image and (b) shows the two-dimensional, two-component flow velocity field. The vector arrows at the air/water interface in (b) are artifactual b, body; e, eye; h, head; ps, polystyrene microsphere; t, tail; w, air/water interface. A, anterior; P, posterior. (below), we observed recirculatory/vortical flow profiles ([Fig. 5](#g005){ref-type="fig"} Fig. 5Recirculating flow patterns. Each panel is a cumulative maximum projection image (i.e. cumulative particle pathline) through the timestamp on each image. Media 2 is the movie from which these still images were taken./Media 2 and [Fig. 6](#g006){ref-type="fig"} Fig. 6OCT-based particle tracking velocimetry of recirculatory/vortical cilia-driven fluid flow. Note that the same embryo was imaged in [Figs. 6](#g006){ref-type="fig"} and [7](#g007){ref-type="fig"} and only the image well water volume differs between the two image acquisition sessions. (a) shows the particle pathline image. (b) shows the two-dimensional, two-component (i.e. **v** = *v~x~***i** + *v~z~***k**) flow velocity field superimposed on the particle pathline image. The arrow direction encodes vector direction, while the arrow color encodes vector magnitude. The recirculatory/vortical whorl noted with a blue arrow in (a) has a faster fluid flow closer to the body than further away. Near the surface of the embryo, the flow is largely anterior-to-posterior (i.e. head-to-tail), while "return" flow current is in a posterior-to-anterior direction. b, body; e, eye; h, head; ps, polystyrene microsphere; t, tail; w, air/water interface. A, anterior; P, posterior.). The recirculatory/vortical flow profiles are qualitatively similar to those generated by artificial cilia for microfabricated microfluidic mixers \[[@r26],[@r45]\].

[Figures 6](#g006){ref-type="fig"} and [7](#g007){ref-type="fig"} demonstrate two-dimensional, two-component flow velocimetry using OCT-based PTV. [Figure 7](#g007){ref-type="fig"} is the same embryo in [Fig. 6](#g006){ref-type="fig"} except it is sitting in a significantly smaller volume of physiologic solution. The orientation of the embryo is otherwise the same in the two figures. Consistency of orientation was ensured by performing imaging in a large volume ([Fig. 6](#g006){ref-type="fig"}) and then removing fluid using a micropipette ([Fig. 7](#g007){ref-type="fig"}). [Figures 6a](#g006){ref-type="fig"} and [7a](#g007){ref-type="fig"} show particle pathline images, and [Figs. 6b](#g006){ref-type="fig"} and [7b](#g007){ref-type="fig"} show the two-dimensional, two-component flow velocity fields. Flow velocities span about two orders of magnitude from \~1 to 100 μm/s. For comparison, retinal microvascular bloodflow has maximum velocities of tens of mm/s \[[@r29],[@r32],[@r46],[@r47]\], and early embryonic blood flow has maximum velocities of \~1-10 mm/s \[[@r23],[@r31],[@r48]--[@r50]\]. Assuming a cilia length of 20 micrometers and a maximum flow velocity of 300 micrometers per second, the Reynolds number is \~2 × 10^−3^. Even if the embryo body length is used as characteristic size scale in calculating Reynolds number, Reynolds number is \~0.3, much less than 1. The low Reynolds number reinforces that the recirculatory/vortical cilia-driven fluid flow profiles are not turbulent but rather a manifestation of flow dominated by viscous forces in a complex three-dimensional geometry.

Our particle tracking data additionally allowed us to measure how long a particle resided within the B-scan field of view. The results shown in [Fig. 8](#g008){ref-type="fig"} Fig. 8Particle residence time in B-scan field of view. The embryo has the same position and orientation as in [Fig. 6](#g006){ref-type="fig"}. The grayscale intensity of the streaks encodes the duration in the field of view. The red rectangle marks the particle that was used for the upper plots in [Fig. 9](#g009){ref-type="fig"}, blue marks the particle used for the lower plots in [Fig. 9](#g009){ref-type="fig"}. show particle pathlines grayscale encoded with residence time in the field of view. While this map cannot give us quantitative measurement of the flow velocities along the y-axis, it can give us a qualitative sense of the three-dimensional flow patterns. For example, for vortical flow that is roughly parallel or antiparallel to the z-axis, there seems to be less vigorous out-of-plane motion since the residence time in the field of view seems to be longer. Further, for vortical flow parallel or antiparallel to the x-axis, out-of-plane flow seems to be more vigorous since the residence time for these particles is shorter.

Since cilia-driven fluid flow is slow, the calculated frame-to-frame particle displacements were often less than one pixel. In order to minimize errors in velocity calculations, we employed averaging of repeated measurements. For example, in order to generate [Fig. 6](#g006){ref-type="fig"}, a total of \~50,000 frame-to-frame particle displacement measurements were calculated. The \~400 velocity vectors were generated by spatially binning and averaging these individual calculations. Therefore, each velocity vector is the result of \~125 displacement measurements. To demonstrate that spatial averaging results in a value that converges to the expected mean displacement (and therefore expected mean velocity), [Fig. 9](#g009){ref-type="fig"} Fig. 9Plots demonstrating convergence of estimated particle displacement as a function of measurements used in the estimation. The plots on the left side display mean displacement along the x-axis, the right plots mean displacement along the z-axis. The upper two plots are extracted from the pathline in the red rectangle in [Fig. 8](#g008){ref-type="fig"}, the lower two plots are extracted from the pathline in the blue rectangle. shows the average displacement values as a function of number of measurements for two particles traveling at a relatively steady velocity (see [Fig. 8](#g008){ref-type="fig"} for the pathlines corresponding to these particles). Both x and z displacements converge towards the mean velocity for that streak as more frames are considered. There is notable decrease in the variability in the average displacement once several tens of measurements are included in the calculation, thereby justifying our use of \~125 displacement measurements per velocity vector.

4. Conclusion {#sec1-4}
=============

The methods and results shown here demonstrate that OCT is uniquely well-suited for the quantitative *in vivo* imaging of cilia-driven fluid flow. In particular, OCT is able to visualize flow profiles in planes that are orthogonal to a ciliated epithelial surface, a notable shortcoming in previously used imaging approaches. The ability of OCT to perform cross-sectional imaging enables calculation of two-dimensional, two-component flow velocity maps using particle tracking velocimetry methods. OCT-based particle tracking velocimetry can be used to characterize or phenotype flow velocities and flow profiles (i.e. recirculatory/vortical flow versus directional flow). It is worth noting that, in contrast to particle tracking, single-beam Doppler OCT yields only one-component vector flow measurements, and that having two- or three-component Doppler flow vector measurements require multiangle approaches \[[@r27],[@r49]\]. On the other hand, particle tracking velocimetry cannot be performed in a continuously scattering flowing media (e.g. blood), while Doppler imaging can be.

The techniques demonstrated here can be extended to three-dimensional, three-component flow velocitmetry. To scale up the current techniques in three dimensions using similar B-scan pixel densities would require line rates in the megahertz regime \[[@r51]\]. An alternate approach would be to divide the entire field of fiew into smaller subvolumes with each subvolume capable of being imaged by a submegahertz OCT system. After three-dimensional, three-component velocimetry is performed, the complete volume can be reconstructed by merging the subvolumes.

Qualitative imaging and phenotyping of cilia-driven fluid flow will enable more detailed research in ciliary biology and in respiratory medicine. Flow velocimetry can be used to characterize cilia performance or the overall performance of a ciliated surface. The ability to obtain quantitative vectorial flow profiles will enable the detailed study microfluidic phenomenon in biological cilia-driven fluid flow, including mixing.

We acknowledge the loan of the OCT from Thorlabs, Inc. We also acknowledge conversations about microfluidic flow with Michael Loewenberg (Yale Chemical Engineering).
